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ABSTRACT: Recommender systems can alleviate information overload by producing item recommendations tailored
to user preferences. The performance usually relies on rich user-item interaction data; however, missing entries
introduce sparsity that substantially degrades performance. Early work primarily treated rating imputation as a
preprocessing mechanism for mitigating sparsity and alleviating cold-start issues through explicit matrix completion.
More recently, missing-data estimation has evolved beyond static preprocessing toward broader inference-oriented
paradigms, including pseudo-label estimation, counterfactual inference, and debiasing mechanisms integrated directly
into the learning objective. In this paper, we present a structured review of rating imputation and inference-oriented
missing-data estimation methods in recommender systems, organized through a conceptual perspective rather than a
single formal framework. We organize existing approaches into four stages: statistical approaches, machine learning-
based techniques, methods leveraging auxiliary information, and recent advances grounded in causal inference and
neural approaches (e.g., deep learning and large language models). Beyond sparsity reduction, we emphasize the
role of missing-data estimation in emerging contexts, including correcting selection bias under Missing Not At
Random data, inferring partial preferences in multi-criteria recommendation systems, and integrating heterogeneous
rating sources. To address an underexplored aspect of the literature, we further analyze potential limitations of
imputation and inference-oriented estimation, such as covariance distortion, overconfidence, poisoning effects, and
robustness degradation under inaccurate pseudo-labels. By introducing a structured taxonomy, this survey provides a
systematic and conceptually organized perspective on missing-data handling in recommender systems and highlights
the importance of rigorous bias analysis and robustness evaluation frameworks for developing reliable and unbiased
recommendation systems.

KEYWORDS: Recommender system; missing data; rating imputation; causal inference; bias correction

1 Introduction
Recommender systems (RSs) have emerged as effective tools for mitigating information overload,

among which collaborative filtering (CF) remains one of the most successful paradigms. However, CF faces
several fundamental challenges, notably data sparsity [1,2], the cold-start problem [3,4], and grey-sheep
users [5–7] with unusual preferences. For example, the performance of CF is fundamentally limited by
data sparsity and the cold-start problem, as users typically provide feedback on only a small subset of
available items [1,8,9]. To address these issues, rating imputation has been widely adopted as a preprocessing
strategy. By estimating and completing missing interactions, imputation yields a dense pseudo-rating matrix
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that facilitates the discovery of latent user-item relationships and, consequently, improves recommendation
accuracy [1,10–12].

Although early studies primarily treated rating imputation as a preprocessing technique for mitigating
data sparsity through explicit matrix completion, the role of missing-data estimation has expanded substan-
tially in modern recommender systems. In practice, observed ratings rarely satisfy the Missing At Random
(MAR) assumption; instead, they more commonly follow a Missing Not At Random (MNAR) mechanism
because users are inherently more likely to rate items they prefer [13,14]. This observation has motivated the
development of inference-oriented frameworks that estimate missing supervisory signals, pseudo-labels, or
counterfactual outcomes to correct selection bias. Representative examples include Error-Imputation-Based
(EIB) and Doubly Robust (DR) estimators in causal recommendation frameworks [15,16]. Although these
approaches are not strictly equivalent to traditional preprocessing-oriented matrix completion, they remain
conceptually related because both paradigms aim to infer missing preference information from partially
observed feedback. Beyond bias correction, imputation and missing-preference estimation techniques have
also been widely applied in multi-criteria recommender systems (MCRS) to reconstruct incomplete user
preferences when only a subset of criteria is observed [17,18]. Moreover, these techniques have been utilized
to integrate heterogeneous rating lists from multiple providers by reducing discordance among them [19].
Despite extensive studies on sparsity and debiasing, rating imputation has not been systematically reviewed
as a similar paradigm. To fill this critical gap, we present a comprehensive and structured review with a
dedicated focus on rating imputation in RSs. We trace its development across four distinct paradigms: early
heuristic and statistical methods, machine learning approaches, techniques leveraging auxiliary information,
and recent advances based on causal inference and neural approaches. Importantly, we reposition imputation
from a simple remedy for data sparsity to a complex, data-driven inference task. These categories discussed
in this survey are organized according to their dominant modeling perspectives and historical evolution
rather than as strictly independent or mutually exclusive groups. In practice, substantial overlap exists among
these paradigms. For example, auxiliary-information-based methods may incorporate machine learning or
deep learning models, while modern causal inference frameworks are frequently combined with neural
architectures and multimodal representations. Accordingly, the proposed taxonomy is intended to provide a
structured conceptual organization of missing-data handling strategies in recommender systems rather than
a rigid categorical separation.

In RSs, prediction, imputation, and causal inference are closely related but conceptually distinct
paradigms. Rating prediction generally refers to estimating unknown user preferences as a popular recom-
mendation task. Classical rating imputation, in contrast, typically functions as a preprocessing mechanism
that explicitly fills missing entries in the user-item matrix to construct a dense pseudo-rating matrix prior
to recommendation. In this process, predictive models could be used for the purpose of imputation, but it
is still a preprocessing step in RSs. Meanwhile, many modern causal inference and debiasing frameworks
do not directly complete the matrix. Instead, they embed missing-preference estimation within the training
objective by estimating pseudo-labels, pseudo-errors, or counterfactual supervisory signals associated with
unobserved interactions to mitigate selection bias under MNAR settings. Some of these methods additionally
incorporate propensity estimation to model the exposure mechanism underlying observed interactions
under MNAR settings.

Accordingly, this survey adopts a broader missing-data inference perspective that encompasses both
traditional rating imputation methods for explicit matrix completion and modern inference-oriented
missing-data estimation frameworks that estimate pseudo-labels, pseudo-errors, or counterfactual super-
visory signals from partially observed interactions without necessarily constructing dense rating matrices.
We emphasize that this perspective is intended as a conceptual lens for organizing methodologically diverse
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approaches under a common missing-data view, rather than a unified formal or algorithmic framework that
subsumes them. The connection among these paradigms is conceptual, i.e., they share the goal of inferring
missing preference information rather than a claim of mathematical equivalence. In addition, we provide
an analysis of often-overlooked risks associated with imputation, including covariance distortion, over-
confidence, and poisoning effects [20,21], and highlight the need for rigorous bias analysis and robustness
evaluation frameworks. By introducing a structured taxonomy, this survey aims to provide a conceptually
organized and systematic perspective on rating imputation, supporting the development of more robust and
unbiased recommender systems.

The remainder of this paper is organized as follows. Section 2 introduces preliminary concepts regarding
general approaches for missing data imputation, and explores missing data mechanisms and specific
recommendation scenarios requiring rating imputation. Section 3 reviews the evolution of imputation
methodologies, encompassing heuristic and statistical methods, machine learning and neighborhood-based
techniques, auxiliary information-driven imputation, causal inference and debiased imputation, and recent
advances in deep learning and large language models. Section 4 critically analyzes the potential risks, bias
propagation, and robustness testing associated with imputation. Section 5 outlines open challenges and
future research directions. Finally, Section 6 concludes the paper.

2 Missing Data and Imputation in RSs
In this section, we first introduce the issue of missing data in general data science, then discuss the

paradigms of missing ratings in RSs, and point out the scenarios requiring rating imputation in RSs.

2.1 Missing Data in General
Before examining rating imputation in RSs, it is important to consider the missing-data problem from

a broader data science perspective. Missing values are pervasive across many empirical domains and often
prevent the direct application of standard statistical and machine learning methods [22,23]. If not properly
addressed, missing data may reduce statistical power, distort covariance structures, and introduce biased
parameter estimation and unreliable inference [23,24].

Formally, let Y ∈ Rn×p denote a data matrix composed of observed entries Yobs and missing entries
Ymiss . Following Rubin’s classical framework [25], missing-data mechanisms are commonly categorized
into Missing Completely At Random (MCAR), Missing At Random (MAR), and Missing Not At Random
(MNAR) [26]. Under MCAR, missingness is independent of both observed and unobserved data. Under
MAR, the probability of missingness depends only on observed variables. In contrast, MNAR arises
when missingness is directly related to the missing values themselves [24]. Correctly understanding these
mechanisms is essential because the effectiveness and validity of imputation strategies strongly depend on
the underlying missingness assumptions.

Methods for handling missing data can generally be grouped into four categories: deletion meth-
ods [22,27], single imputation methods [28,29], likelihood-based estimation [24,30], and multiple
imputation methods [31,32].

• Deletion Methods: Deletion-based approaches remove incomplete observations either globally or
locally [22,27]. Although computationally simple, these methods often result in severe information loss
and biased estimation when the MCAR assumption does not hold [23].

• Single Imputation Methods: Single imputation replaces each missing entry with a single estimated
value [28,29]. Common examples include mean substitution, regression imputation, and classification-
based estimation. These methods restore data completeness but typically ignore uncertainty in the
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imputed values. Therefore, they may distort variance and correlations, leading to overly confident
statistical conclusions [22,23].

• Likelihood-Based Estimation: Likelihood-based approaches, e.g., expectation-maximization and full
information maximum likelihood estimation, estimate model parameters directly from incomplete
observations without explicitly filling missing entries [24,30]. By treating missing values as latent vari-
ables, these methods properly account for uncertainty and can produce unbiased parameter estimates
under the MAR assumption [23].

• Multiple Imputation Methods: Multiple imputation methods generate multiple completed datasets to
explicitly model uncertainty in missing values [31,32]. Each completed dataset is analyzed indepen-
dently, and the results are subsequently combined using standard pooling procedures [24]. Compared
with single imputation, these approaches generally provide more reliable statistical inference under
MAR assumptions [23]. However, they introduce higher computational cost and still rely on missingness
assumptions that may not hold in real-world behavioral data [26].

Missing-data handling and imputation have also attracted increasing attention in related machine
learning domains, including incomplete graph learning, where missing attributes and incomplete graph
structures substantially affect downstream graph representation and prediction tasks [33]. Although these
missing-data mechanisms and handling strategies originate from classical statistics, they are highly relevant
to recommender systems because user-item interaction data is inherently incomplete and often exhibits
extreme sparsity and non-random missingness. In particular, MNAR plays a central role in recommendation
environments because users selectively interact with items according to personal preferences and platform
exposure dynamics. The recommender-system-specific interpretation of MCAR, MAR, and MNAR is
further discussed in Section 2.2.

2.2 Rating Imputation in RSs
Although the general imputation techniques discussed in Section 2.1 provide a solid theoretical founda-

tion, their direct application to RSs is constrained by the distinctive characteristics of user–item interaction
data. In conventional data analysis, missing rates of 20% to 30% are already considered severe and require
careful treatment. In contrast, RSs operate on highly sparse rating matrices, where missing rates frequently
exceed 95% and may reach 99% in large-scale industrial settings [8,34]. For example, in movie platforms such
as Netflix or e-commerce platforms such as Amazon.com, there are millions of items on these platforms, but
each user may rate a limited set of items in their history, which results in much higher sparsity in the rating
matrix. Under such extreme sparsity, classical statistical imputation methods often become computationally
infeasible or yield highly biased estimates.

2.2.1 Paradigms of Missing Ratings
Following Rubin’s classical framework, missingness in RSs can be categorized into MCAR, MAR, and

MNAR paradigms.
To better discuss missing ratings in RSs under different missing-data paradigms, Table 1 summarizes

the characteristics of MCAR, MAR, and MNAR using representative examples from both educational
settings and recommender systems. Although these mechanisms originate from classical missing-data
theory, their practical implications differ substantially in recommendation environments due to user self-
selection behavior, interaction sparsity, and platform exposure dynamics. Under the MCAR assumption,
missing ratings are independent of both observed and unobserved preferences, which may occur when
interactions are randomly lost because of logging failures or temporary system outages. In MAR scenarios,
missingness depends on observed variables rather than the missing preference itself; for example, users

http://Amazon.com
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with low activity levels or limited browsing histories may be less likely to provide ratings. In contrast,
MNAR is generally regarded as the dominant missing-data mechanism in recommender systems because
users selectively rate items they strongly prefer or dislike while ignoring neutral or uninteresting items.
Consequently, missing interactions often contain informative latent preference signals rather than purely
random omissions, which fundamentally distinguishes recommendation-oriented imputation from conven-
tional statistical missing-data completion and motivates the development of debiasing-oriented, causal, and
inference-based recommendation frameworks. More specifically, under MNAR settings, observed ratings
no longer represent an unbiased sample of user preferences because the exposure and selection processes
are inherently preference-dependent. As a result, recommendation models trained directly on observed
interactions may overestimate popular or highly exposed items while underrepresenting unobserved pref-
erences. Accordingly, many modern debiasing and causal recommendation frameworks can be interpreted
as imputation-oriented mechanisms that attempt to estimate missing supervision signals, pseudo-errors, or
counterfactual outcomes for unobserved interactions.

Table 1: Comparison of missing-data mechanisms in education and recommender systems.

Mechanism Characteristics Example in Education
(Missing Grades) Example in RSs

MCAR

Missingness is
independent of both

observed and unobserved
variables

Student grades are
missing due to accidental

database corruption or
random system failure

Ratings are randomly lost
because of logging failures

or temporary platform
outages

MAR Missingness depends only
on observed variables

Students with lower
attendance rates are less

likely to complete
optional assignments or

surveys

Users with low activity
levels or limited browsing

history are less likely to
provide ratings

MNAR
Missingness depends

directly on the missing
values themselves

Students with poor
academic performance

intentionally avoid
reporting grades

Users selectively rate items
they strongly like or dislike
while ignoring neutral or

uninteresting items

When ratings are MCAR or MAR, the probability that an entry is missing is independent of its
unobserved true value. For example, under MCAR, ratings may be missing due to random system logging
failures or interface issues that affect all items uniformly. Under MAR, missingness may depend on
observed factors such as user activity level or item exposure; for instance, less active users may provide
fewer ratings overall, while the likelihood of a rating being missing remains unrelated to the user’s true
preference for a specific item. In such cases, the missingness mechanism can be ignored, and analyses
based solely on observed data produce unbiased parameter estimates and predictions. Accordingly, early
collaborative filtering methods and heuristic imputation techniques implicitly adopted the MAR assumption,
treating missing entries primarily as a sparsity issue to be completed. For example, neighborhood-based CF
methods [35,36], such as KNN-based CF, compute user-user or item-item similarity directly from observed
ratings, often ignoring missing entries or treating them as implicit zero contributions during similarity
calculation. In such formulations, the absence of a rating is not interpreted as a systematic signal but is instead
handled as missing information to be smoothed over when constructing neighborhoods and generating
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predictions. Similarly, matrix factorization techniques learn latent representations of users and items based
on observed ratings [37].

Empirical evidence indicates that the MAR assumption rarely holds in real-world RSs. Interaction data
arises from voluntary user behavior rather than controlled experiments, where users tend to rate items they
prefer or frequently encounter while ignoring those they dislike or have not engaged with [13,14]. This self-
selection process results in an imbalance in which high ratings dominate observed data, whereas low ratings
are underrepresented and more likely to be missing. Such patterns imply that the probability of missingness
depends on the underlying rating value, which is consistent with the MNAR mechanism. The consequences
of MNAR are substantial. Observed ratings no longer represent the true preference distribution across items.
Applying MAR-based methods, such as standard matrix factorization or naive mean imputation, without
accounting for this bias introduces significant selection effects. Thus, learned preferences become distorted,
which often leads to over-recommendation of popular items and degraded recommendation performance,
particularly in terms of top-k accuracy across the full item space. Therefore, modern imputation strategies
must explicitly address non-random missingness. The focus has shifted from matrix densification toward the
use of imputation as a principled tool for bias correction and unbiased learning.

These distinct missingness mechanisms have also shaped the evolution of recommendation paradigms.
Early heuristic and neighborhood-based approaches primarily treated missing ratings as a sparsity problem
under implicit MCAR or MAR assumptions, where imputation mainly served as a matrix densification
strategy. By contrast, modern causal inference and debiasing frameworks explicitly model MNAR behavior
arising from user self-selection and exposure bias. In these settings, imputation is no longer limited to
explicit rating completion, but instead functions as an inference-oriented mechanism for estimating pseudo-
labels, pseudo-errors, or counterfactual supervisory signals associated with unobserved interactions. Recent
deep learning and LLM-based approaches further extend this paradigm by leveraging multimodal semantic
representations to infer missing preference information from unstructured data sources.

2.2.2 Imputation Scenarios
Building on this foundation, we summarize the application scenarios that require specialized imputation

strategies in RSs, as described in the following.
Data Sparsity and the Cold-Start Problem. In this setting, missing interactions are primarily treated

as incomplete preference observations caused by extreme sparsity rather than systematic exposure bias.
Accordingly, imputation mainly serves as a matrix densification mechanism to reconstruct latent user-
item relationships.

Extreme sparsity in the user-item interaction matrix represents a primary scenario that necessitates
imputation. In real-world applications, users interact with only a small fraction of the available catalog,
which leads to missing rates that often exceed 95% to 99%. Under such conditions, traditional CF algorithms,
such as user-based KNN [38] and item-based KNN [39] approaches, are unable to identify sufficient overlap
in interactions, where user-based methods suffer from a lack of co-rated items between users and item-
based methods lack sufficient common users who have rated both items, which renders similarity estimation
unreliable. In addition to neighborhood-based methods, model-based CF approaches, such as latent factor
models, are also affected by extreme sparsity. Early implementations, including conventional SVD [40,41],
require a fully observed rating matrix, which makes imputation a necessary preprocessing step to enable
training. By contrast, later matrix factorization methods [37,42] are designed to operate directly on sparse
data by optimizing only over observed entries. Although this formulation avoids the need for explicit



Comput Mater Contin. 2026;89(2):11 7

imputation, the severe lack of observations still limits the ability to learn reliable latent representations, often
leading to suboptimal generalization in highly sparse settings.

The problem becomes more serious during the “cold-start” phase [3,43], where new users or items
lack adequate historical interactions. Imputation mitigates this limitation by constructing a dense pseudo-
rating matrix. By estimating unobserved interactions using demographic information or auxiliary attributes,
it introduces sufficient overlap between users and items, thereby enabling neighborhood formation and
supporting personalized recommendations in sparse settings.

The primary advantage of data imputation in this scenario is its ability to mitigate the severe sparsity
inherent in recommender systems. By estimating missing entries and converting a highly sparse user-item
matrix into a dense pseudo-rating matrix, imputation restores the overlap required for effective interaction
modeling. Despite these benefits, naive imputation introduces notable risks. From a computational perspec-
tive, converting a matrix with extreme sparsity (e.g., 99% missing) into a dense representation substantially
increases memory usage and computational cost [34]. From a statistical perspective, poorly estimated values,
such as those obtained through zero or mean substitution, can introduce noise, distort the covariance
structure, and reduce variance [12,34]. In addition, recent work identifies the risk of “poisonous imputation”,
where inaccurate estimates deviate from the true values and undermine the debiasing objective, which leads
to degraded model performance [21].

Correcting Selection Bias and Non-Random Missingness. Unlike sparsity-oriented recommendation
settings, missing interactions under MNAR are strongly associated with user exposure, self-selection, and
platform recommendation dynamics. In this context, imputation shifts from simple rating completion
toward counterfactual estimation and debiasing-oriented inference. As implied by the MNAR mecha-
nism, disregarding the non-random nature of missing data introduces substantial selection bias, which
distorts learned user preferences and degrades recommendation performance, particularly in terms of top-k
accuracy [14,15]. To mitigate this issue, the recommendation community has developed several debiasing
strategies. Generative approaches attempt to jointly model the missingness mechanism and the rating
process through causal graphs; however, constructing accurate graphs in complex real-world settings remains
challenging [21,44]. Alternatively, Inverse Propensity Scoring (IPS) reweights observed samples to correct
distributional shifts, yet it is highly sensitive to propensity estimation and often exhibits high variance under
extreme sparsity [21,44].

Within this context, data imputation provides a direct mechanism for bias correction. By estimating
prediction errors for unobserved ratings or assigning plausible pseudo-labels, such as lower ratings for
missing interactions, imputation adjusts the observed data distribution toward the underlying global
distribution [44]. This principle underlies Error-Imputation-Based (EIB) estimators. In addition, imputation
constitutes a key component of Doubly Robust (DR) estimators, which combine IPS and EIB in the same
framework [15]. A notable advantage of imputation-based debiasing, particularly within DR, is the double
robustness property, where unbiased estimation is achieved if either the imputation model or the propensity
model is correctly specified [21]. Furthermore, incorporating imputation reduces the variance associated
with IPS alone, which stabilizes optimization and improves the bias-variance trade-off [44].

Despite these advantages, imputation-based debiasing introduces several risks. The effectiveness of EIB
and DR estimators depends critically on the quality of the imputation model [45]. When pseudo-labels are
mis-specified or poorly calibrated, especially under simplistic modeling assumptions, the resulting errors
propagate through training and limit the effectiveness of bias correction [20,44]. More critically, recent work
identifies the phenomenon of “poisonous imputation”, where imputed values deviate substantially from the
ground truth, which increases both bias and variance and ultimately degrades model performance [21].
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Partial Preference Completion in MCRS. In MCRS settings, missingness often occurs at the sub-
criteria level rather than the overall interaction level. Accordingly, imputation focuses on recovering
incomplete multidimensional preference structures while preserving inter-criteria dependencies. Traditional
recommender systems rely on a single overall rating to represent user preferences. In contrast, multi-criteria
recommender systems extend this paradigm by allowing users to evaluate items across multiple distinct
criteria [46–49]. This formulation is widely adopted in practical applications, including platforms such as
TripAdvisor for hotel recommendations [50,51], Yahoo! Movies for film evaluation [52], and OpenTable for
dining experiences [53].

One of the challenges in MCRS is the “partial preference” problem, which results in structurally
incomplete criteria-level ratings [54]. This missingness arises from two primary sources. First, during explicit
data collection, requiring users to rate all predefined criteria introduces cognitive burden and user fatigue. To
mitigate this issue, platforms often request ratings for only a subset of criteria, leaving the remaining entries
unobserved. Second, in modern systems, multi-criteria ratings are frequently inferred from unstructured
textual reviews through natural language processing techniques [55–58]. Since user-generated reviews rarely
cover all criteria comprehensively, the extracted profiles remain incomplete [59].

To address partial preference, two main methodological directions have been explored. One line of
work develops specialized models, such as tensor factorization and probabilistic graphical approaches, which
operate directly on sparse observations without explicit completion [60]. However, these methods often
incur high computational cost and face difficulties in capturing inter-criteria dependencies under extreme
sparsity. The alternative, and more commonly adopted, strategy introduces a dedicated pre-recommendation
imputation stage to reconstruct complete utility profiles for each user-item pair [18].

Imputation provides a practical advantage by densifying the data, which enables standard multi-criteria
models to better capture dependencies among criteria and improves both coverage and accuracy [17]. A
complete profile allows the system to model user preferences in a more coherent manner. Nevertheless,
imputation introduces potential risks. Simple heuristic methods, such as mean substitution or standard Naive
Bayes, assume independence across criteria and fail to reflect realistic perceptual relationships, for example
the interaction between cleanliness and perceived service quality [18]. Such assumptions can introduce noise
and distort the underlying preference structure. To address these limitations, recent approaches employ
sequential models, including Recurrent Naive Bayes, to capture inter-criteria dependencies in a structured
manner [18], or leverage contextual semantics from LLM-based representations such as BERT to infer
missing criteria from textual reviews [17]. Although these methods improve estimation accuracy, they
introduce additional computational overhead and require careful calibration to prevent error propagation
during recommendation generation [17,18].

Integration of Heterogeneous Rating Resources. In heterogeneous recommendation environments,
different rating resources may follow fundamentally different missingness mechanisms. For example, explicit
ratings are often influenced by user self-selection, whereas implicit feedback is strongly affected by exposure
and interaction frequency. As a result, unified imputation across heterogeneous resources requires careful
consideration of modality-specific missingness assumptions. Ratings are increasingly used as standardized
indicators across domains such as ESG evaluation, academic journal assessment, and healthcare benchmark-
ing. In these scenarios, decision-makers often aggregate ratings from multiple independent providers to form
the final evaluation. However, each provider typically evaluates only a subset of subjects, which introduces
substantial structural missingness in the combined matrix.

A similar scenario in RSs refers to the area of meta-recommendation systems that combine multiple
sources to produce a unified output [61–63]. For example, a movie recommendation system may integrate
ratings from platforms such as IMDb, Rotten Tomatoes, and Metacritic. Similarly, healthcare decisions may
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rely on combined hospital evaluations from providers such as Medicare, LeapFrog, and U.S. News. Since
each provider typically evaluates only a subset of items due to differences in scope or resource constraints,
the resulting provider-item matrix exhibits substantial structural missingness [19].

It is important to distinguish this scenario from traditional recommendation settings. While conven-
tional ratings represent individual user-item interactions, the “ratings” in meta recommendations represent
institutional or platform-level evaluations, effectively forming a Provider-Item matrix rather than a User-
Item matrix. Thus, integrating these heterogeneous lists aligns with the concept of a meta-recommendation
system, which blends multiple independent recommendation sources into a unified output [61]. This
fundamentally differs from cross-domain recommender systems, which typically focus on transferring
learned knowledge or user interaction patterns from a data-rich source domain to a different, sparse target
domain [64,65].

Traditional approaches attempt to infer the underlying scoring mechanisms or identify the key explana-
tory factors within each rating system [19]. However, this strategy becomes impractical when combining
multiple sources, as the underlying criteria and scoring schemes differ across providers. As a result, this
approach requires extensive auxiliary information and customized modeling for each source, which limits
scalability and general applicability [19]. In this setting, data imputation shares the same mathematical
objective as collaborative filtering and matrix completion [19]. It provides an efficient alternative by esti-
mating missing entries using only the observed ratings within the combined matrix, thereby enabling an
evaluation framework across providers. However, imputing heterogeneous rating lists introduces distinct
challenges. Providers often exhibit conflicting assessments for the same items, referred to as “upsets”, and
employ different rating scales and distributions. Simple imputation strategies, such as averaging, fail to
reconcile these discrepancies and may distort the aggregated outcomes [19]. Consequently, this scenario
requires specialized methods, including discordance minimization based on quadratic programming, which
incorporate rank-based relationships and penalize inconsistencies across providers to achieve reliable
imputation [19].

2.2.3 Related Surveys
Rating imputation is closely related to several major research directions in RSs, including sparsity

reduction, debiasing recommendation, causal recommendation, and LLM-based recommendation systems.
As illustrated in Fig. 1, imputation-oriented mechanisms lie at the intersection of these research areas
because many recommendation paradigms implicitly or explicitly estimate missing preference information
for unobserved interactions. Prior surveys in these related domains frequently discuss imputation-related
techniques as part of broader recommendation challenges.

In sparsity-oriented recommender-system surveys, imputation is commonly introduced as one pos-
sible strategy for alleviating incomplete user-item interactions and cold-start problems. However, sparsity
reduction extends substantially beyond imputation itself and also includes matrix factorization, latent factor
learning, graph propagation, transfer learning, and representation learning approaches [37,66]. Similarly,
debiasing recommendation surveys often discuss pseudo-label estimation and counterfactual correction
mechanisms related to imputation, particularly under MNAR settings [15,21]. Nevertheless, many debiasing
methods rely on alternative strategies such as inverse propensity weighting, exposure modeling, reweighting,
and unbiased risk estimation rather than explicit missing-value estimation [67,68].
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Figure 1: Relationship between imputation-oriented recommendation research and related directions.

A similar relationship exists in causal recommendation research. Although several causal inference
frameworks perform implicit imputation through counterfactual estimation or pseudo-error approxima-
tion, the broader causal recommendation literature also includes treatment effect estimation, intervention
modeling, uplift modeling, and causal representation learning that do not directly rely on imputation-
oriented mechanisms [69,70]. Likewise, recent LLM-based recommender-system surveys discuss semantic
preference inference, review understanding, and generative recommendation [71–73]. However, many LLM-
driven recommendation paradigms focus on reasoning, conversational interaction, or generation-oriented
recommendation tasks that extend beyond missing-data estimation.

Therefore, although imputation-oriented recommendation mechanisms overlap substantially with
these broader research directions, existing surveys typically discuss imputation only as one component
within larger recommendation frameworks. To the best of our knowledge, there remains no dedicated
survey that systematically organizes rating imputation itself as a missing-data handling paradigm spanning
statistical completion, auxiliary-information integration, causal debiasing, and deep semantic inference in
recommender systems.
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3 Imputation Methodologies
Having identified the scenarios in which data imputation is essential, the discussion turns to the

methodologies used to generate these substitute values. As noted in previous sections, the effectiveness of
the subsequent recommendation phase depends critically on the quality of imputed data, since inaccurate
estimates can distort the covariance structure and amplify existing biases. This dependency has driven the
continuous evolution of imputation strategies within the recommender systems community.

This section provides a comprehensive review of the evolution of imputation in recommender systems
across five methodological paradigms. The literature was collected from major academic databases, including
Google Scholar, IEEE Xplore, ACM Digital Library, and ScienceDirect. The search process employed
combinations of keywords related to rating imputation and missing-data handling in recommender systems,
including “rating imputation”, “missing data in recommender systems”, “matrix completion”, “data sparsity
imputation”, “missing not at random”, “counterfactual imputation”, and “imputation-based debiasing”. The
review primarily focused on peer-reviewed conference and journal publications published between 2001
and early 2026, and we finally included 31 unique publications in our analysis. Papers were included if
they addressed missing interaction handling through explicit or implicit imputation-oriented inference
mechanisms, such as rating completion, pseudo-label estimation, pseudo-error estimation, or counterfactual
missing-data modeling. Foundational missing-data studies and representative recommender-system surveys
were also included to establish the statistical and methodological context of the field. Pure recommendation
optimization or exposure modeling methods without an imputation-related component were excluded from
the primary taxonomy. Rather than exhaustively enumerating all existing studies, this survey emphasizes
representative and influential works to provide a structured overview of the evolution of imputation
techniques in recommender systems.

The paradigms discussed in the following subsections include heuristic and statistical filling techniques
in Section 3.1, predictive machine learning and neighborhood-based approaches in Section 3.2, methods
leveraging auxiliary information in Section 3.3, causal inference frameworks for debiasing under MNAR
settings in Section 3.4, and recent neural approaches, including deep learning and LLM-based architectures,
in Section 3.5. These developments illustrate the transition of recommender systems from traditional
preprocessing-oriented matrix completion toward more inference-oriented, bias-aware, and semantically
informed missing-data estimation frameworks.

These methodological categories are organized primarily according to their dominant modeling per-
spectives and historical evolution rather than as strictly independent or mutually exclusive paradigms.
In practice, substantial overlap exists among these categories. For example, auxiliary-information-based
approaches may incorporate machine learning or deep neural architectures, while modern causal inference
frameworks are frequently combined with representation learning and multimodal models. Accordingly,
the taxonomy presented in this section is intended to provide a structured conceptual organization of
missing-data handling strategies rather than a rigid categorical separation.

To further illustrate the representative methodological progression discussed in this survey, Fig. 2
conceptually summarizes the evolution of imputation paradigms based on the representative methods
reviewed in Tables 2–6 in the following subsections. The figure highlights the transition from early statistical
and neighborhood-based matrix completion approaches toward auxiliary-information-driven methods,
causal debiasing frameworks, and recent deep learning and LLM-based paradigms.
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Figure 2: Conceptual evolution of representative imputation paradigms in recommender systems.

Table 2: Summary of heuristic and statistical imputation methods.

Methods Imputation Type Scenarios & References
Zero/Null Imputation Single Imputation Sparsity [74,75]

Mean/Average Imputation Single Imputation
Sparsity [2,76], Bias Reduction (MNAR) [10],

Partial Preference (MCRS) [18],
Heterogeneous Rating Lists [19]

Median Imputation Single Imputation Sparsity [75,77]

Mode Imputation Single Imputation Sparsity [74]

Min/Max Imputation Single Imputation Sparsity [2]

Bayesian Multiple Imputation Multiple Imputation Sparsity, Bias Reduction (MNAR) [10]

Chained Equations Multiple Imputation Sparsity, Partial Preference (MCRS) [17]

Expectation-Maximization Likelihood-based
Estimation Sparsity [78]

Table 3: Summary of machine learning and neighborhood-based imputation methods.

Methods Imputation Type Scenarios & References

Naive Bayes Single Imputation Sparsity [11], Partial Preference
(MCRS) [18]

Support Vector Machines Single Imputation Sparsity [11]

(Continued)
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Table 3 (continued)

Methods Imputation Type Scenarios & References

Decision Trees & Random
Forest Single Imputation

Sparsity [11], Partial Preference
(MCRS) [17], Heterogeneous Rating

Resources [19]

K-Nearest Neighbors Single Imputation Sparsity [79]

Auto-Adaptive Imputation Single Imputation Sparsity [80]

Recurrent Naive Bayes Single Imputation Partial Preference (MCRS) [18]

EBMI Multiple Imputation Bias Reduction (MNAR) [10]

EM-SVD Likelihood-based
Estimation Sparsity [78]

Table 4: Summary of auxiliary information-driven imputation methods.

Methods Imputation Type Scenarios & References
Item Attributes Single Imputation Sparsity, Cold-Start [81]

User Demographics (e.g., gender) Single Imputation Sparsity, Cold-Start [82]
Social Trust Networks Single Imputation Sparsity, Cold-Start [83–85]

Auxiliary-Enhanced Multiple
Imputation Multiple Imputation Bias Reduction (MNAR) [86]

Table 5: Summary of causal inference and debiased imputation methods.

Methods Imputation Type Scenarios & References
Error Imputation-Based

Methods Single Imputation Bias Reduction (MNAR) [15]

Doubly Robust (DR) Estimator Single Imputation Bias Reduction (MNAR) [15,87]

Joint Learning DR (DR-JL) Single Imputation Bias Reduction (MNAR) [15]

AutoDebias Single Imputation Bias Reduction (MNAR) [87]

Conservative/Calibrated DR
(CDR, DCE) Single Imputation Bias Reduction (MNAR &

Instability) [20,21]

Inductive Bias-Relaxed DR
(UDR, UIDR) Single Imputation Bias Reduction

(User/Item-specific Bias) [45]

CounterCLR Single Imputation Bias Reduction (Confounding &
MNAR) [88]
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Table 6: Summary of deep learning and LLM-based imputation methods.

Methods Imputation Type Scenarios & References
MLPs Single Imputation Sparsity, Cold-Start [89]

Graph Neural Networks Single Imputation Missing Modalities, Sparsity [90]
BERT-based Semantic Imputation Single Imputation Sparsity, Partial Preference (MCRS) [17]

LLM Prompting & Fine-tuning Single Imputation Sparsity [91]
Denoising Autoencoders Multiple Imputation Sparsity [92]
Deep Generative Models Multiple Imputation Bias Reduction (MNAR) [93]

Deep Latent Variable Models Likelihood-based Estimation Sparsity [94]

3.1 Heuristic and Statistical Imputation
Early imputation approaches in recommender systems primarily treated missing user-item interactions

as an incomplete data problem caused by extreme sparsity. These methods relied on fundamental statistical
estimation and deterministic filling strategies to reconstruct missing entries in the rating matrix. Although
these methods are simple, they establish fundamental statistical assumptions that continue to influence
modern imputation strategies. As summarized in Table 2, these methods can be broadly categorized into
single imputation, multiple imputation, and likelihood-based estimation, each corresponding to different
recommendation scenarios, including extreme sparsity and bias mitigation.

Foundational single imputation methods are widely adopted to mitigate data sparsity by replacing
missing entries with heuristic estimates. For example, zero or null imputation assigns a minimum value,
such as zero, to all unobserved interactions, which densifies the matrix with minimal computational
cost [74,75]. Mean imputation is among the most commonly used strategies. In addition to addressing general
sparsity [2,76], it serves as a baseline for partial preference completion in MCRS [18] and is applied to resolve
inconsistencies in heterogeneous rating resources [19]. Early studies have also explored mean substitution
for bias reduction in MNAR settings [10].

However, mean imputation exhibits notable limitations. It tends to distort the empirical distribution
by creating an artificial concentration around the mean, which reduces variance and weakens correlations
among variables. In addition, the imputed values are often non-integer and may not align with the discrete
rating scales used in practice. To address these issues, alternative strategies based on median [75,77] and
mode [74] have been proposed. Median imputation provides greater robustness to outliers and better reflects
the central tendency under skewed distributions, while mode imputation preserves the discrete nature of
rating scales by assigning the most frequently observed value.

Beyond these approaches, min and max imputations have been adopted in specific scenarios with
distinct motivations [2]. Assigning minimum values can encode implicit negative feedback under MNAR
assumptions, where unobserved interactions are interpreted as lack of interest. Conversely, maximum values
may be used to capture strong positive signals in neighborhood-based estimation or to select the most
optimistic predictions among candidate estimates. In addition, min and max values are often employed as
boundary constraints to ensure that predicted ratings remain within valid ranges.

To address the statistical noise and variance distortion associated with single-point estimates, the com-
munity has explored multiple imputation and likelihood-based estimation. Bayesian Multiple Imputation
generates several plausible values for each missing entry and has been applied to reduce selection bias while
supporting sparse neighborhood-based filtering [10]. Chained Equations have demonstrated effectiveness in
MCRS by iteratively estimating missing sub-criteria through conditional modeling [17]. Likelihood-based
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approaches, including the expectation-maximization algorithm, have also been integrated with SVD-based
frameworks to estimate missing values by maximizing the expected likelihood of observed data [78].

Despite their statistical foundation, heuristic and statistical imputation methods exhibit both advantages
and limitations. Their primary strength lies in computational efficiency and ease of implementation, as
they enable the construction of dense matrices that support memory-based collaborative filtering and
standard matrix factorization without architectural changes. However, these methods typically rely on the
assumption that data follows MCAR or MAR mechanisms. As a result, applying uniform imputation across
large portions of missing data lacks personalization. More importantly, naive statistical filling, particularly
mean substitution, can distort covariance structures, reduce variance, and introduce substantial noise
under MNAR conditions. These limitations motivate the transition from heuristic approaches to predictive
machine learning models that can capture non-linear relationships and user-specific preferences.

3.2 Machine Learning and Neighborhood-Based Imputation
To overcome the limitations of statistical filling strategies, subsequent research increasingly reframed

missing-data imputation as a personalized preference prediction problem. Rather than relying solely on
global statistical assumptions, these approaches exploit user-item interaction patterns, similarity struc-
tures, and predictive learning models to infer missing ratings. As summarized in Table 3, this category
includes both neighborhood-based methods and machine learning-driven approaches that estimate missing
preferences from observed behavioral patterns under sparse recommendation settings.

A representative framework in this paradigm is imputation-boosted collaborative filtering, which
employs predictive classifiers such as Naive Bayes, support vector machines, and decision trees to construct
a high-quality pseudo-rating matrix before applying Pearson correlation-based collaborative filtering [11]. In
this formulation, rating imputation is cast as a classification problem, where discrete rating levels (e.g., 1 to
5 stars) are treated as class labels. The input features are typically derived from the users’ observed ratings
on other items, while in highly sparse settings, demographic attributes such as age, gender, occupation,
and postal code can be incorporated as auxiliary features to support personalized prediction [11]. Beyond
addressing general sparsity, tree-based models such as random forest, have been adopted as robust baselines
for resolving opinion inconsistencies in heterogeneous rating resources [19] and for completing partial
preferences in MCRS [17].

In parallel, neighborhood-based imputation methods exploit local similarity structures. K-nearest
neighbors estimates missing values by aggregating preferences from similar users or items [79]. However,
applying global neighbors to impute all missing entries across the entire matrix is computationally intensive
and may accumulate prediction errors. This limitation motivated the development of Auto-Adaptive Impu-
tation (AutAI) [80]. Instead of performing global imputation, AutAI identifies a task-specific neighborhood
tailored to the active user and the target item. It restricts imputation to the intersection of related users,
defined by shared rating histories, and related items that are co-rated with the target item. Grounded
in nearest-neighbor information principles, this strategy focuses on imputing only the most informative
missing entries. As a result, AutAI reduces computational cost while limiting the propagation of noisy
pseudo-ratings into subsequent prediction stages [80].

Machine learning approaches have also been extended to capture structural dependencies in multi-
criteria data through refined feature representations. While standard Naive Bayes assumes conditional
independence, sequence-aware models such as recurrent Naive Bayes model inter-criteria dependencies by
formulating imputation as a sequential prediction task. In this setting, the feature space evolves dynamically,
where the overall item rating provides initial context and previously imputed sub-criteria are progressively
incorporated as additional features for subsequent predictions [18].



16 Comput Mater Contin. 2026;89(2):11

The methods described above operate as single imputation techniques, where they produce a single
deterministic estimate for each missing entry. Although this design supports computational efficiency, it
introduces a key statistical limitation. The use of a single point estimate ignores prediction uncertainty, which
results in overconfident imputations and an underestimation of variance [11].

To address this limitation, researchers have explored the integration of multiple imputation and
likelihood-based estimation within machine learning frameworks. Instead of producing a single estimate,
multiple imputation generates multiple plausible rating matrices that are analyzed jointly. For example,
Extended Bayesian Multiple Imputation (EBMI) has been incorporated into imputed neighborhood-based
CF, where repeated sampling from a posterior distribution preserves data variability and mitigates bias
induced by MNAR data [10]. Likelihood-based methods, such as Maximum Likelihood estimation via the
Expectation-Maximization algorithm, can also be applied in principle along with the SVD approach [78].
However, these approaches are less practical in large-scale recommendation settings, as iterative likelihood
maximization over highly sparse matrices incurs substantial computational cost compared to direct multiple
imputation or efficient single-imputation classifiers.

Despite notable improvements in personalization and accuracy over simple statistical methods, predic-
tive machine learning and neighborhood-based approaches exhibit inherent limitations. Their effectiveness
depends on the availability of sufficiently dense local interaction data to train models or identify reliable
neighbors. In extreme cold-start scenarios, where new users or items lack historical interactions, these
methods cannot extract meaningful features or construct valid neighborhoods. This limitation necessitates
the incorporation of auxiliary information beyond the rating matrix to support robust recommendation.

3.3 Auxiliary Information-Driven Imputation
Although machine learning and neighborhood-based approaches improve personalized preference

estimation, their dependence on observed user-item interactions makes them highly vulnerable to extreme
sparsity and cold-start conditions. When a new user or item enters the system without any historical
interactions, neither feature extraction from observed ratings nor reliable neighbor identification is feasible.
To address this limitation, the imputation paradigm has been extended to incorporate external auxiliary
information. As summarized in Table 4, classical auxiliary-driven imputation approaches primarily rely on
single imputation and auxiliary-enhanced multiple imputation to construct a dense semantic representation
for cold-start entities.

A direct strategy for alleviating extreme sparsity is to incorporate explicit content and demographic
metadata into single imputation frameworks. Item genres and product attributes enable the estimation of
missing ratings by exploiting a user’s affinity for related categories [81]. In a similar manner, demographic-
based imputation utilizes user profiles, including age, gender, occupation, and geographic location, to infer
preferences for unrated items by aggregating signals from comparable demographic groups [82]. Beyond
these metadata, relational auxiliary data, particularly social trust networks, have been incorporated into
imputation models. Under the principle of homophily, explicit trust relationships, especially bidirectional
connections, facilitate the identification of reliable neighbors for estimating missing ratings [83,84]. To fur-
ther refine these initial estimates, matrix factorization methods such as probabilistic matrix factorization [84]
and non-negative matrix factorization [85] have been adapted to constrain the latent factors of a target user
to align with those of trusted connections, thereby mitigating sparsity and cold-start effects.

Furthermore, auxiliary information has been employed to address non-random missingness. From a
statistical perspective, missing ratings are often correlated with their unobserved values, which leads to the
MNAR problem. To mitigate this issue, auxiliary variables that are not part of the primary model but are
strongly associated with either the ratings or the missingness process, such as user demographics or temporal
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interaction patterns, are incorporated into the imputation framework [23,86]. By conditioning on these
variables, the dependence between missingness and unobserved ratings is reduced, which shifts the effective
data-generating process closer to a MAR assumption and alleviates selection bias [23]. Within this setting,
auxiliary-enhanced multiple imputation leverages these variables to define a posterior predictive distribution
for missing entries. Multiple stochastic samples are drawn to construct m completed rating matrices, each
of which is analyzed independently and subsequently combined to produce the final prediction [86]. This
integration enables partial bias correction while preserving the uncertainty associated with missing data [86].

Despite these advantages, auxiliary information-driven imputation presents two fundamental limita-
tions that motivate further methodological developments. On one hand, although auxiliary data expands
the information space and alleviates sparsity, it does not explicitly model the causal mechanisms underlying
user exposure and item selection. Achieving unbiased recommendation therefore requires counterfactual
reasoning, which has led to the adoption of causal inference models as discussed in Section 3.4. On the other
hand, these methods are primarily limited to structured metadata and simple relational information, and
lack the capacity to capture complex semantic preferences from unstructured data sources such as textual
reviews, images, or heterogeneous knowledge graphs. Addressing this limitation has driven the transition
toward deep learning and LLM-based approaches as described in Section 3.5.

3.4 Causal Inference and Debiased Imputation
To address the limitations of conventional sparsity-oriented imputation and explicitly account for non-

random missingness, RS research has increasingly shifted toward causal inference and debiasing frameworks.
Unlike traditional imputation approaches that primarily treat missing entries as incomplete preference obser-
vations, causal models interpret missing interactions as outcomes of user exposure, selection behavior, and
recommendation feedback loops associated with the MNAR mechanism [67,68]. These approaches extend
imputation beyond explicit matrix completion toward inference-oriented estimation of counterfactual
supervisory signals, such as pseudo-labels and pseudo-errors, for unobserved interactions. As summarized,
modern causal imputation frameworks primarily focus on debiased learning and counterfactual estimation
to mitigate selection bias in recommender systems.

As shown in Table 5, these methods rely on generating pseudo-labels or pseudo-errors for unobserved
interactions to approximate the unobserved counterfactual outcomes. In essence, this mechanism is concep-
tually aligned with traditional rating imputation, as both aim to infer missing signals for unobserved entries;
however, causal methods reformulate this process as error or label imputation within the learning objective
rather than explicitly completing the rating matrix. Here, the term “label” refers to the supervision signal
used for training, such as the relevance indicator or the observed rating value associated with a user-item
interaction, which is extended to unobserved pairs through imputation to enable unbiased estimation.

The foundational approach in this paradigm is the error imputation-based method, which imputes miss-
ing labels and trains the prediction model using both observed ratings and imputed pseudo-labels [15,45].
To relax the unbiasedness requirement of these error imputation-based methods, the Doubly Robust (DR)
estimator was introduced. By combining an error imputation model with an inverse propensity scoring
model, DR achieves theoretical unbiasedness when either the propensity estimates or the imputed pseudo-
errors are accurate [15,45]. Here, the propensity model estimates the exposure probability of observed
interactions under the MNAR mechanism rather than directly reconstructing missing ratings. Motivated by
this property, a range of advanced imputation strategies has been developed. For example, DR-JL refines the
imputation model by jointly minimizing prediction errors on observed data [15,21]. To reduce reliance on
heuristic tuning, AutoDebias incorporates a small set of unbiased uniform data through meta-learning to
guide the generation of imputed errors [87]. More recent work addresses instability caused by inaccurate
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pseudo-labels. Methods such as Conservative DR (CDR) and Doubly Calibrated Estimator (DCE) filter
high-variance imputed values and calibrate error probabilities to improve robustness [20,21]. To address
the limitations of imputation, inductive bias-relaxed DR methods, including User-DR (UDR) and User-
Item-DR (UIDR), have been proposed. These approaches learn a constrained propensity model that ensures
unbiasedness even when the imputed pseudo-labels deviate from the true labels due to user-specific and
item-specific inductive biases [45]. Moreover, counterfactual imputation frameworks such as CounterCLR
employ contrastive learning on non-random missing data to align representations of exposed and unexposed
interactions [88].

From a statistical perspective, these causal models operate as single imputation techniques. In the DR
formulation, the imputation model produces a single deterministic pseudo-error, such as êu , i , for each
unobserved user-item pair to support gradient-based optimization [15,21]. Although multiple imputation
could theoretically capture uncertainty in MNAR settings by approximating a MAR distribution while
preserving variance [23], its direct application is computationally prohibitive. Constructing and training m
dense rating matrices at large scale requires excessive memory and computation. Instead, recent methods
approximate the benefits of multiple imputation through stochastic neural techniques. For instance, CDR
employs Monte Carlo dropout to estimate both the mean and variance of pseudo-errors, which provides an
efficient approximation of posterior sampling without explicitly generating multiple datasets [21].

Causal imputation methods provide a rigorous foundation for debiased recommendation, yet they
exhibit both strengths and limitations. Their primary advantage lies in the theoretical guarantee of unbi-
asedness and the ability to separate exposure effects from intrinsic user preferences [45]. However, their
effectiveness depends critically on the quality of imputed pseudo-labels. Applying DR-based imputation
indiscriminately across all unobserved pairs can introduce unreliable estimates that degrade perfor-
mance [21,44]. In addition, computing pseudo-errors and propensity scores over the entire unobserved
space incurs substantial computational cost. Moreover, extracting reliable counterfactual representations
or accurate propensity estimates from complex and unstructured data sources, including text, images,
and knowledge graphs, remains challenging for traditional causal formulations. These limitations have
motivated the adoption of deep learning and LLM-based approaches for robust representation learning
in recommendation.

3.5 Deep Learning and Large Language Models
Although auxiliary-information-driven and causal inference frameworks substantially improve sparsity

handling and debiasing, many of these approaches still rely on structured metadata, handcrafted features,
or simplified statistical assumptions. These approaches face inherent limitations in capturing complex, non-
linear semantic patterns from unstructured modalities, including large-scale textual reviews, raw images, and
heterogeneous knowledge graphs. To address this limitation, recent research has increasingly incorporated
deep learning and LLM-based models to perform more expressive and semantically informed imputation,
as summarized in Table 6.

The evolution of deep imputation methods began with adapting neural architectures to reconstruct
missing interactions. Lee et al. employed Variational Autoencoders (VAEs) to learn latent user and item
representations, followed by Multi-Layer Perceptrons (MLPs) to infer missing ratings from these representa-
tions [89]. With the rise of multimodal recommendation, the objective extended beyond rating completion
to the reconstruction of missing modality features. By leveraging the structural properties of user-item
interactions, graph neural networks have been applied to infer missing visual and textual features through
graph-based interpolation on item-item relations [90].
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In recent years, generative AI, particularly LLMs, has gained widespread adoption across domains
such as education [95–97], finance [98–100], and healthcare [101,102], enabling advanced data generation
and reasoning capabilities. These developments have also influenced recommender systems [72,103], where
generative models are increasingly used to extract structured signals from unstructured data and to enhance
representation learning under sparse and incomplete settings.

In parallel, pre-trained language models have been utilized to extract structured signals from unstruc-
tured text. For example, in MCRS, BERT-based semantic imputation derives fine-grained sub-criteria ratings
directly from user reviews, thereby enriching the preference representation [17]. More recently, imputation
has been formulated as a generative task, thereby reframing missing value estimation as conditional
generation rather than explicit matrix completion. For example, LLM-based models, such as GPT-2, are fine-
tuned with structured prompts to predict missing values by leveraging pre-trained knowledge [91]. From a
statistical perspective, these approaches operate as single imputation methods, since they produce a single
deterministic estimation for each missing entry.

To capture uncertainty in unobserved data and address the MNAR mechanism, deep learning has
also been integrated with multiple imputation and likelihood-based estimations. For instance, denoising
autoencoders have been extended to generate multiple imputed datasets, such as MIDA [92], which are
subsequently combined to preserve data variability. In the context of selection bias, deep generative models
explicitly model the joint distribution of data and missingness, enabling debiased multiple imputation under
MNAR conditions [93]. Alternatively, deep latent variable models, such as DeepLTRS, follow a likelihood-
based paradigm. By optimizing the evidence lower bound through variational inference, these models
estimate the joint distribution of observed ratings and auxiliary signals without explicitly constructing
completed datasets [94].

Although most existing deep learning and LLM-based recommendation models [72,103] are not
explicitly framed as rating imputation approaches, several emerging paradigms share important conceptual
similarities with imputation-oriented inference. For example, sequential [104,105] and generative recom-
mender systems [106,107] frequently estimate future interactions and latent preference trajectories from
incomplete behavioral histories, which can be interpreted as implicit preference completion under sparse
observations. Similarly, diffusion-based recommendation models iteratively reconstruct latent preference
distributions from corrupted or incomplete interaction signals, resembling probabilistic imputation pro-
cesses. In graph-based recommendation, debiasing and counterfactual graph learning frameworks may also
estimate missing exposure relationships and latent supervision signals under MNAR conditions [108].

Recent LLM-based recommender systems further extend recommendation from numerical matrix
completion toward semantic preference inference and reasoning-oriented interaction modeling, and have
boosted the development of several emerging applications, such as prompt-based rating prediction [72,109],
review-to-rating inference [110], semantic profile completion [111], and conversational dialogue simula-
tion [112,113] and preference elicitation [114,115]. Instead of relying solely on observed rating matrices, these
approaches leverage semantic reasoning and contextual world knowledge to infer latent user preferences
and unobserved interactions. However, these paradigms also introduce new challenges, including halluci-
nated preferences, semantic inconsistency, unstable pseudo-label generation, and difficulties in evaluating
semantically inferred preferences without explicit ground-truth ratings. Future research may increasingly
reinterpret recommendation-oriented missing-data handling as a broader inference and representation
learning problem rather than purely numerical matrix completion.
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3.6 Summary
As summarized in Table 7, the five imputation paradigms differ substantially in their underlying

assumptions, strengths, limitations, and suitable application scenarios, providing an explicit basis for
comparing when each paradigm is most appropriate and what trade-offs it entails. Heuristic and statis-
tical methods offer efficient and interpretable matrix completion, but they rely on simplified missingness
assumptions and provide limited personalization. Machine learning and neighborhood-based approaches
improve preference estimation by exploiting interaction patterns, yet they remain vulnerable to sparsity
and cold-start conditions. Auxiliary-information-driven methods mitigate this limitation by incorporating
side information, although their effectiveness depends heavily on the availability and quality of external
features. Causal inference and debiased imputation methods are better suited to MNAR settings because
they explicitly address exposure and selection bias, but they are sensitive to propensity estimation errors
and unstable pseudo-labels. Deep learning and LLM-based approaches further extend imputation through
multimodal representation learning and semantic inference, but they introduce substantial computational
cost and reduced interpretability. A more explicit comparison across these paradigms reveals several
recurring trade-offs. In terms of computational cost, statistical and neighborhood-based methods remain
the most efficient, whereas causal DR estimators and LLM-based approaches incur the highest overhead
because they estimate pseudo-errors over the entire unobserved space or rely on large-scale generative
inference. When it comes to the concerns of robustness, statistical and early machine learning methods
implicitly assume MCAR/MAR and degrade markedly under MNAR, while causal and debiased methods
are explicitly designed for MNAR but become sensitive to propensity estimation errors and unstable pseudo-
labels. The best choice of the methodologies is largely scenario-driven rather than strictly hierarchical:
statistical methods remain competitive under mild sparsity where interpretability and low cost matter,
machine learning and auxiliary-information methods are preferable when sufficient interaction history or
side information is available, and causal and neural approaches become necessary only when MNAR bias
correction or multimodal semantic inference is the dominant concern. Moreover, a direct quantitative per-
formance comparison across paradigms is difficult because reported results are obtained on heterogeneous
datasets, sparsity levels, and missingness conditions, and few studies share the same unbiased MAR test
protocols; we therefore compare paradigms along qualitative dimensions of cost, robustness, and suitability
rather than absolute accuracy. Overall, no single paradigm dominates across all recommendation settings;
instead, the appropriate imputation strategy depends on the missingness mechanism, data sparsity level,
availability of auxiliary information, and robustness requirements.

Table 7: Comparative analysis of representative imputation paradigms.

Paradigm Primary Assumption Strengths Limitations Effective Scenarios

Statistical Imputation

Missing entries can be
estimated from global

statistical patterns
under simplified

missingness
assumptions

Simple
implementation, low
computational cost,

interpretable
statistical foundation

Limited
personalization
capability, weak

semantic modeling,
sensitive to severe

sparsity and MNAR
bias

Mild sparsity,
preliminary matrix

densification,
small-scale

recommendation
settings

ML & NB-based
Imputation

User preferences can
be inferred from

interaction similarity
and predictive

behavioral patterns

Improved
personalization and

local preference
estimation

Highly dependent on
historical

interactions,
vulnerable to extreme

sparsity and
cold-start problems

Moderate sparsity
with sufficient

user-item interaction
history

(Continued)
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Table 7 (continued)

Paradigm Primary Assumption Strengths Limitations Effective Scenarios

Auxiliary
Information-Driven

Imputation

External side
information can
compensate for

missing interactions

Effective cold-start
mitigation,

incorporation of user
and item semantics

Strong dependence
on auxiliary feature

quality and structured
metadata availability

Cold-start
recommendation,

sparse environments
with rich side
information

Causal Inference &
Debiased Imputation

Missingness is driven
by exposure and user

selection behavior
under MNAR

conditions

Explicit debiasing
capability,

counterfactual
estimation, improved

robustness against
selection bias

Sensitive to
propensity estimation

errors, training
instability, variance

amplification

MNAR
recommendation
settings, exposure

bias correction,
debiased

recommendation
learning

Deep Learning &
LLM-based
Imputation

Complex semantic
relationships can be

inferred from
multimodal and

high-dimensional
representations

Strong representation
learning capability,

multimodal semantic
inference, flexible

generative modeling

High computational
and memory cost,

reduced
interpretability, risk
of overfitting under

extreme sparsity

Large-scale
recommendation

systems, multimodal
recommendation,

semantic preference
inference

4 Risks, Bias Analysis, and Robustness Testing
This section shifts the focus from imputation effectiveness to its potential failure modes, which

remain underexplored in existing literature. While the previous sections highlight the effectiveness of data
imputation in multiple scenarios, it is important to recognize that imputation is not a universal solution.
In practice, handling missing data presents inherent trade-offs [44]. Naively filling unobserved interactions,
particularly under the highly skewed and complex distributions common in recommender systems, can
introduce substantial unintended effects. Moreover, related adversarial recommendation studies, including
poisoning attacks and synthetic user manipulation [116,117], further demonstrate that imputation-oriented
recommendation frameworks may be vulnerable to maliciously generated interaction signals and biased
pseudo-preference estimation. As imputation techniques evolve from simple neighborhood-based heuristics
to advanced counterfactual and neural inference models, careful consideration of their statistical limitations,
robustness degradation, and algorithmic risks becomes essential. This section provides a critical examination
of the limitations of data imputation and outlines key considerations for ensuring model reliability.

4.1 The Dark Side of Imputation
In real-world deployment, attempts to densify highly sparse user-item matrices through deterministic

imputation often introduce significant operational risks. A primary concern is the large-scale injection
of noise. In highly skewed recommendation datasets, imputation across the entire unobserved space can
generate values that substantially deviate from true user preferences. These inaccurate and high-variance
pseudo-labels are referred to as “poisonous imputations” [21]. Instead of facilitating unbiased learning, such
values distort the optimization objective and introduce substantial noise into the gradient descent process,
which ultimately degrades recommendation accuracy.

In addition to algorithmic noise, single imputation introduces critical statistical issues during model
training and evaluation. Missing data theory indicates that replacing missing entries with a single pre-
dicted value, without incorporating stochastic variability, artificially suppresses the natural variance of the
dataset [23]. As a result, the standard errors of model parameter estimates are systematically underestimated,
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since the uncertainty across multiple plausible imputations is ignored [23]. This effect leads to statistical over-
confidence, where the model treats imputed pseudo-labels as true observations. The predictive uncertainty
associated with the MNAR mechanism is neglected. This overconfidence compromises the validity of offline
evaluation and produces models that are fragile when exposed to dynamic real-world user behavior.

Importantly, the types and extent of imputation risks differ across recommendation scenarios. Based on
the fundamental challenges discussed in previous sections, we highlight the most critical risks that require
careful consideration under four representative contexts:

• Sparsity and Cold-Start: In this setting, the dominant risk is poisonous imputation. When new users or
items lack sufficient interaction history, imputation models must extrapolate under severe information
scarcity. As a result, deterministic estimates are prone to large deviations from true preferences, which
introduces substantial noise into the learning objective and may hinder rather than facilitate cold-start
adaptation [21].

• Partial Preference Completion in MCRS: For MCRS, the primary concern is variance underestimation.
Sub-criteria such as food, service, and atmosphere exhibit inherent correlations while maintaining
distinct variability. Deterministic imputation suppresses this natural variation and inflates inter-criteria
dependencies [23]. Consequently, the model becomes overconfident in imputed relationships and loses
the ability to represent nuanced user preferences.

• Bias Reduction in MNAR: Under MNAR, the most critical issue is bias amplification through feedback
loops. If imputation relies on inaccurate propensity estimates or incorrect assumptions about the
missingness mechanism, the resulting pseudo-labels inherit existing biases in the observed data. When
these biased estimates are iteratively incorporated into model training, selection bias and the Matthew
effect are progressively reinforced [44].

• Integration of Heterogeneous Rating Resources: When integrating diverse rating signals, such as
combining explicit ratings (e.g., 1–5 stars) with implicit feedback (e.g., clicks and views), a key challenge
lies in the mismatch in missingness mechanisms. These data sources are generated through fundamentally
different observational processes; for instance, missing explicit ratings often follow MNAR behavior
driven by user self-selection and extreme preferences, whereas missing implicit feedback is largely
influenced by exposure bias [19,44]. Applying a unified imputation strategy across such heterogeneous
sources without accounting for these differences can introduce spurious correlations and propagate
systematic errors throughout the recommendation model.

4.2 Bias Analysis
To systematically diagnose the issues discussed in the previous section and to prevent the amplification

of imputation risks through the feedback loop of recommender systems, the research community has devel-
oped rigorous bias analysis frameworks that emphasize principled evaluation protocols and sensitivity-based
diagnostics. Instead of relying solely on theoretical assumptions, these approaches focus on quantitatively
assessing how imputation mechanisms behave under varying degrees of missingness.

An example of this effort is the adoption of unbiased evaluation protocols that address the limitations of
conventional testing procedures. Evaluating debiased models on observational holdout data tends to reward
the memorization of existing exposure and selection biases, which undermines the validity of offline metrics.
To overcome this issue, benchmark datasets such as Coat and Yahoo! R3 have been widely used [15,87].
These datasets contain subsets of collected ratings obtained through randomized item assignment, which
removes user-driven selection effects [87]. Under this protocol, models are trained on skewed MNAR data
and evaluated on uniformly sampled MAR test sets [15]. This separation enables a more reliable assessment
of debiasing capability, independent of bias memorization.
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In addition, robust bias analysis requires evaluating the sensitivity of imputation methods to violations
of their underlying assumptions. Classical missing data theory shows that treating MNAR data as MAR
introduces systematic bias into estimated relationships, with the direction and magnitude determined
by the dependence between selection variables and unobserved outcomes [23]. To examine this effect
in practice, sensitivity analysis is conducted by modifying the assumed missingness mechanism during
evaluation. This process may involve introducing controlled distortions or varying the accuracy of propensity
estimates [15]. By tracking changes in metrics such as mean squared error under these variations, researchers
can characterize the bias trajectory and identify the conditions under which imputed signals transition from
beneficial approximations to harmful poisonous imputations.

4.3 Robustness Testing
To mitigate the algorithmic risks associated with data imputation and to ensure that debiasing mecha-

nisms do not degrade system performance, identifying and measuring bias alone is insufficient. Developing
reliable recommender systems requires proactive safeguards and rigorous stress-testing procedures. Accord-
ingly, the research community has established three complementary quality assurance strategies that operate
across training, testing, and evaluation stages.

During training, uncertainty-aware filtering and calibration are employed to control the impact of
imputed pseudo-labels. Since indiscriminate use of all imputations introduces unreliable signals, modern
approaches estimate uncertainty through techniques such as Monte Carlo dropout, which performs multiple
stochastic forward passes to compute the mean and variance of each imputed error [21]. By applying adaptive
thresholds, the system filters out high-variance imputations and retains only reliable pseudo-labels for
gradient-based optimization. In addition, probability calibration methods, including Platt scaling and related
techniques, are used to adjust imputed errors and propensity estimates, thereby reducing overconfidence and
preventing variance amplification [20].

At the testing stage, semi-synthetic noise injection is used to evaluate robustness under controlled
perturbations [45]. For instance, as demonstrated in the experimental protocol of inductive bias-relaxed DR
estimators [45], a ground-truth rating matrix is systematically modified to introduce structured distortions
into the pseudo-labels. Typical strategies adopted in such protocols include flipping a proportion of specific
ratings to extreme values (e.g., the ONE strategy), rotating the rating distribution by shifting high ratings to
lower values (e.g., the ROTATE strategy), and adding Gaussian noise proportional to the original ratings (e.g.,
the SKEW strategy) [45]. Model stability is then assessed using metrics such as relative errors, where these
approaches were demonstrated to maintain stable performance and preserve unbiased estimation under
these adverse conditions.

Finally, uncertainty-aware multiple imputation addresses the statistical overconfidence associated with
single deterministic imputation. Instead of relying on a single completed dataset, multiple imputation
generates m distinct datasets by sampling from a posterior predictive distribution, often using Markov Chain
Monte Carlo or related techniques. The recommendation model is applied independently to each dataset,
and the resulting predictions are combined using Rubin’s rules [23]. This procedure restores the natural
variance that is suppressed by deterministic imputation and enables the estimation of reliable standard
errors and confidence intervals, thereby allowing the system to appropriately reflect predictive uncertainty
in practical deployment.

5 Open Challenges and Future Directions
The evolution of data imputation in recommender systems, from basic heuristic filling to advanced

causal inference and neural approaches, has significantly enhanced the ability to address sparsity and
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MNAR biases. Nevertheless, several open challenges remain, including a substantial gap between theoretical
advances and robust deployment in large-scale industrial environments. Building on the limitations and
risks identified in previous sections, we outline the following key challenges and corresponding research
directions that deserve further investigation.

• Dynamic Missingness Mechanisms and Temporal Imputation. Most existing causal and deep impu-
tation models assume a static missingness mechanism. In practice, user preferences, item popularity,
and exposure strategies evolve continuously, which renders both selection bias and exposure bias
time-dependent [44,87]. Future work should move beyond static matrix completion toward dynamic
modeling of interaction trajectories, such as integrating sequential recommendation models with
online meta-learning to update propensity estimates and imputation strategies, or incorporating fast
online revision algorithms (e.g., sequential SVD updating with exponential decay) to efficiently track
non-stationary user tastes and adapt to temporal data drifts.

• Scalability and Efficiency of Advanced Imputation Models. Although DR estimators and LLM-
based approaches achieve strong predictive performance, they incur substantial computational and
memory overhead. For example, DR methods require estimating pseudo-errors for all unobserved
pairs, while LLM-based approaches rely on large-scale generative inference [91]. Improving scalability
remains essential for practical deployment. Future research should focus on efficient approximations of
the unobserved space, including sampling-based strategies for causal models and parameter-efficient
techniques such as LoRA, quantization, and knowledge distillation for LLM-based imputation.

• The Dilemma of Unbiased Evaluation and Learning without MAR Data. Reliable evaluation of
imputation methods typically depends on unbiased MAR datasets, such as Coat and Yahoo! R3.
However, collecting such data through random exposure strategies negatively impacts user experience
and platform performance, which limits feasibility in real-world systems [44]. An important research
direction is to enable unbiased learning and evaluation without relying on explicit MAR data. Emerging
approaches include invariant learning and generative modeling techniques that attempt to recover true
preferences directly from MNAR observations. Extending these approaches to general recommendation
settings remains an open challenge.

• Multimodal-Driven Preference Inference and Rating Imputation. The availability of rich side infor-
mation has created opportunities to infer missing preferences from complex multimodal data, including
textual reviews, images, and videos. Prior work has shown that pre-trained models, such as BERT, can
infer missing criteria ratings from textual content [17,94]. A related line of work also addresses missing
multimodal features themselves, e.g., via graph-based propagation on the item-item graph [90], which
is complementary to inferring the preferences those features inform. Future imputation models should
integrate semantic signals from these modalities to generate high-quality pseudo-ratings. This objective
is challenging, as the translation of unstructured content into numerical ratings may introduce spurious
correlations arising from the semantic gap between the two representations. Addressing this challenge
motivates the development of multimodal LLM-based approaches that align heterogeneous features
with explicit preference representations, together with validation mechanisms that ensure the reliability
of the generated pseudo-ratings prior to their incorporation into model training.

• Imputation in Specialized Recommender Systems. Despite progress in standard recommendation
settings, the application of imputation techniques to specialized domains, such as context-aware
recommender systems [118–120] and point-of-interest recommendation [121,122], remains limited. By
introducing contextual variables such as time, location, and environmental conditions, these systems
extend the traditional user-item matrix into higher-dimensional representations, which intensifies
sparsity. Future work should explore imputation solutions to reconstruct missing interactions in
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these settings. Developing causal estimators that account for complex, context-dependent exposure
mechanisms represents a promising direction for advancing recommendation quality in these domains.

6 Conclusions
This survey has systematically examined the evolution, methodological foundations, and inherent

risks of rating imputation, which serves as a central strategy for densifying sparse data and approximating
unobserved counterfactual outcomes to support unbiased learning. More broadly, this survey highlights that
imputation should be understood not solely as a preprocessing technique, but as a fundamental inference
problem under missing and biased data. We position this work as a conceptual reframing of missing value
imputation rather than as a universal solution. Given the heterogeneity of missingness mechanisms and
application contexts, no single framework can comprehensively address all scenarios, a conclusion further
supported by our paradigm-level comparison.

The proposed taxonomy traces the progression of imputation techniques from early heuristic and
statistical methods to advanced theoretical frameworks. In particular, causal inference paradigms have
redefined the role of imputation by embedding error and label estimation directly within the learning
objective, rather than relying on explicit matrix completion [15,21]. In addition, recent advances in neural
approaches, such as deep learning and LLM technologies, demonstrate strong capability in extracting latent
semantic signals from unstructured multimodal data, such as textual reviews, thereby enabling more accurate
inference of missing criteria and the generation of high-quality pseudo-ratings [17,91]. This survey also
highlights that imputation introduces nontrivial risks alongside its benefits. Forced completion of missing
data may produce high-variance poisonous imputations that disrupt optimization, while deterministic filling
strategies suppress natural variance and lead to overconfident and fragile models [23]. Addressing these
issues requires moving beyond naive evaluation practices toward rigorous and systematic protocols.

Future research is expected to shift from static and uniform matrix completion toward dynamic,
scalable, and context-aware imputation frameworks. Promising directions include relaxing assumptions on
imputation accuracy, leveraging generative models for cross-modal validation, and extending imputation
methods to address exponential sparsity in multi-criteria and context-aware settings. These developments
will support the construction of recommender systems that achieve not only high predictive accuracy but
also robustness and reliable uncertainty estimation.
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